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Abstract

In many settings, there is a dearth of instruments, which hampers economists’ ability to
investigate causal relations. In this paper we propose a quite general way to construct instru-
ments: “granular instrumental variables” (GIVs). In the economies we study, a few large firms
or countries account for a large share of economic activity. As they are large, their idiosyncratic
shocks affect aggregate outcomes. This makes those idiosyncratic shocks valid instruments for
the aggregate shocks. We provide a methodology to extract idiosyncratic shocks from the
data, this way creating GIVs. Those GIVs allow us to then estimate parameters of interest,
including causal elasticities.

We first illustrate the idea in the basic supply and demand framework: we achieve a novel
identification of supply and demand elasticities, based on idiosyncratic shocks to supply or
demand. We then show how the procedure can be adapted to handle many enrichments.

We illustrate the procedure in detail with a few applications. First, we measure how
shocks to domestic banks causally affect sovereign yields. We document how negative shocks
to Italian banks adversely affect Italian government bond yields, and vice-versa. This gives
the first causal measure of the “doom loop” between banks and sovereign yields. Second, we
study the impact of mega-firms on aggregates, such as aggregate competition (as idiosyncratic
shocks to large firms change concentration ratios). This allows us to find a causal relationship
between the rise of mega firms and lower investment. Third, we study supply and demand
elasticities for oil. This allows us to compare the GIV estimate to previous estimates, this way
confirming the validity of our approach.

GIVs allow for a resolution of the still-open question of how to go from “micro-elasticities”
to “macro-elasticities”. We study a simple model multi-region model with consumption link-
ages and pricing frictions. We find that, under some plausible conditions, macro-elasticities
are the micro elasticities times the “GDP spillover” M (which indicates how much growth
in one region affects growth in other regions), which our GIV method estimates to be about
1.5. Hence, the typical micro-elasticities need only to be multiplied by this M to become
macro-elasticities.

We conclude that the GIVs are a good candidate to supplement the empirical economists’

toolbox.
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Dong Ryeol Lee for very good research assistance. We thank Gary Chamberlain, Mark Gertler, Oleg Itskhoki, Jim
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1 Introduction

In many settings, there is a dearth of instruments, which hampers economists’ understanding of
causal relations (Ramey (2016),Nakamura and Steinsson| (2018),Stock and Watson (2016, 2018);
Chodorow-Reich (2017)). In this paper we propose a general way to construct instruments: “granu-
lar instrumental variables” (GIVs). Those instruments in turn allow to tease apart causal relations
in a wide variety of economic contexts.

In the economies we study, many decisions are taken by a few large firms (we use “firms,”
but soon we will generalize to large entities such as industries or, in an international context,
countries). As has been observed before, those firms are often large, and their idiosyncratic shocks
(e.g., productivity shocks) affect the aggregate

Those idiosyncratic firm or country level shocks are valid instruments for the aggregate shocks.
Now, we need a methodology to extract those idiosyncratic shock, and the paper presents such a
methodology. This creates GIVs. Those GIVs then allow us to estimate parameters of interest.

We first illustrate the idea in a basic static setup with supply and demand (section . It is a
classic case, and we show how GIVs allow for a novel estimation procedure: they yield an instrument
that allows us to estimate the elasticities of supply and demand. Indeed, idiosyncratic demand
shock to large firms or countries give a valid instrument for demand change — and thus allow one
to estimate the elasticity of supply. They also allow us to estimate the elasticity of demand: the
idiosyncratic demand shock of a large firm impacts the price, which changes the demand of other
firms — thus allowing to estimate the demand elasticity. We formalize those ideas, and give a way
to “optimally extract” idiosyncratic shocks, this way constructing optimal GIVSEI

Once the ideas are in place, we show in Section [3| how the procedure can be extended to handle
many enrichments, such as feedback loops, heterogeneity, and multidimensionalityﬁ We specify the

procedure for this general framework.

Empirical illustrations We provide preliminary empirical results for three applications (Section
. First, we study the link between fragility in the banking sector and sovereign bond markets,
so-called “financial doom loops.” The European sovereign debt crisis highlighted the possibility

!Hence, economies are “granular,” that is, and their shocks made of incompressible “grains” of economic shocks,
those are firm or industry-level shocks. This theme is laid out in |Gabaix (2011]), and developed in e.g. |Acemoglu et
al.| (2012)); |Di Giovanni and Levchenko| (2012); |Di Giovanni et al.| (2014]).

°The idea that we propose is, in retrospect, so natural that we suspected that it may have been already proposed
in the literature. However, after searching the literature and consulting with professional econometricians, we could
not find it. Still, we cannot exclude the possibility that it has been proposed somewhere — and we welcome more
pointers to the literature. However, we are quite sure that this idea has not been implemented in mainstream
economic applications.

3We pursue other examples, in particular the “reflection problem” (Manski| (1993))— how to measure economic
or social influence. This can be handled with GIVs: the idiosyncratic shocks to “big influencers” (e.g. large firms,
or perhaps famous people in the networks) affect the aggregate, hence they allow to estimate the social or economic
multiplier.

4We will add a vector autoregression in a future draft.



that weakness in the banking sector may spill over to the sovereign, and vice versa. However,
identifying contagion in a causal way has been challenging thus far. We study Italy during the
European sovereign debt crisis and its aftermath. We show that the Italian banking sector, like
many financial sectors in other countries, is highly concentrated. Moreover, as is well known, the
correlation between banking returns and sovereign yield changes turned negative during the crisis.

We show how to construct GIVs in this setting using bank-level stock returns. Our results
identify a causal link between the sovereign and the banking sectors during the sovereign debt
crisis, but this effect turns insignificant if we re-estimate the model since December 2014 when the
large-scale asset purchase program was announced by the European Central Bank. During this
second period, we no longer find that banks causally affect the sovereign, while the OLS estimate
(which merely measures co-movement) remains significant.

In terms of magnitudes, we find that a 50% negative return on banking stocks leads to a 75bp
increase in the sovereign yield when the doom loop is operative. During the full sample, we estimate
a significant feedback of primitive shocks that are amplified with a multiplier 1.45, which remains
significant but smaller at 1.15 during the second sample. To the best of our knowledge, this is the
first causally estimated measure of doom loops. Those are local effects, that could become larger
closer to bankruptcy.

Second, we study the impact of industry concentration on the investment rate. Both in the ag-
gregate and across industries, increased industry concentration is negatively correlated with changes
in investment. Using data compiled by (Gutiérrez and Philippon| (2017a) from 1995 to 2015 covering
over 40 industries, we show how to construct GIVs for 5-year changes in industry concentration
using different assumptions about the nature of the shocks that affect industry concentration, which
may help to pin down the mechanism by which concentration impacts investment.

A first insight is that the resulting instruments are not weak, and can plausibly be strengthened
further with more detailed data. Our instruments may therefore be useful in other settings to
understand the impact of changes in industry concentration on economic outcomes. Second, the
fact that increased concentration negatively impacts investment is robust to common shocks to all
industries that may differentially impact small and large firms, or common shocks to manufacturing
and non-manufacturing industries (but potentially with a differential impact on small and large
firms). The link weakens when we allow for industry-specific shocks that may have a heterogeneous

impact on firms across the size distribution.

Going from micro to macro elasticities Third, we study GDP spillovers. If Germany enters
in a recession, how does that impact the rest of the Eurozone, or the world? To start attacking this
questions, we consider US states. If California has a high growth rate, what’s the spillover on the
other US states? We find a multiplier around 1.5 — albeit with fairly large standard errors (around
0.5). This means that the “direct” impact of California on the US growth rate is multiplied (once
GE effects are taken into account) by a factor of M ~ 1.5.



GIVs allows for a resolution of the still-open question of how to go from “micro-elasticities”
to “macro-elasticities” (see Section [5). We find theoretically that macro-elasticities are the micro
elasticities times the “GDP spillover” M (how much growth in one region affects growth in other
regions), which our GIV method estimates to be about 1.5. Hence, the typical “micro-elasticities”
need only to be multiplied by this M to become macro-elasticities. For instance, call ¢ the elasticity
of local employment to local housing prices, as in Mian and Sufi (2014). Then, the aggregate impact
(i.e. the elasticity of total employment to an aggregate change in housing prices) is: 1) = M*.

We think that this methodology will be useful in other contexts, for instance, to study the
impact of bank capitalization on lending, the impact on uncertainty on aggregate outcomes (Bloom
(2009)), the reflection problem in social science (Manski (1993)), the impact of investors’ demand
on asset prices (using the methodology in Koijen and Yogo (forthcoming)), or international trade
(Di Giovanni et al. (2014); Gaubert and Itskhokil (2018)). We are working on some of those specific

examples, and they will be included in this paper as it progresses.

Related literature We relate to a number of literatures.

Instruments for macro. It’s active literature (Ramey| (2016), Nakamura and Steinsson| (2018),
Stock and Watson (2018), Chodorow-Reich (2017)). We add to it, by proposing to use GIVs, which
are quite ubiquitous. A productive literature studies the impact of the entry of China in the WTO
to study various outcomes, the “China shock” (Autor et al.| (2013); Acemoglu et al. (2016)). In
some sense, GIVs are a systematic generalizations the China shock. There are lots idiosyncratic
shocks, and GIVs allows to construct them systematically.

Origins of aggregate fluctuations. We provide tools that can tease that apart when you have
loops. This literature is finding that a sizable amount of volatility is “granular” in nature — com-
ing from idiosyncratic shocks to firms or industries (see |Long and Plosser ((1983); |Gabaix| (2011),
Acemoglu et al. (2012); Di Giovanni and Levchenko (2012); |Di Giovanni et al.| (2014); [Bagaee and
Farhi (2018); |di Giovanni et al.| (2018)). Those datasets can be revisited forming GIVs which al-
low to investigate causal relations. |Gabaix (2011) introduces the notion of “granular residual” —
a weighted sum of proxies for idiosyncratic shocks, and shows how idiosyncratic shocks to firms
appear to explain about 1/3 of GDP fluctuations. But this paper does not take the crucial step to
use this kind of concept as an instrument to measure causal relations, e.g. in a demand and supply
setting.

Leary and Roberts (2014) use the actions of competitors as an instrument, but they use an
equal-weighted average, so that they do not deploy the power of using the value-weighted minus
equal-weighted actions. |Amiti et al. (2016) study strategic complementarities in price-setting across
Belgian manufacturing firms; as in some of our examples, they seek to identify the ways in which a
shock to one firm propagates through the competitive network. They achieve identification through
a micro-level analysis of firm exposure to international shocks. Our approach is much more general,

and does not require the same level of detailed micro data. The use of model-based idiosyncratic



shocks has some similarities with |Amiti and Weinstein (forthcoming), who extract bank supply
shocks from Japanese data using a panel of fixed effects, and then estimate the sensitivity of aggre-
gate investment to these shocks. However, unlike our model, Amiti and Weinstein (forthcoming)
do not allow for “reflection”: shocks to bank affect aggregate investment, but aggregate investment
does not circle back around to affect individual bank behavior. This is the key source of endogene-
ity in many of the models we consider, and by tackling it we are able to estimate a richer set of
parameters.

Concentration and competition. A number of authors have established correlations between
changes in concentration and various economic outcomes like the labor share (Autor et al. (2017)).
Here the GIV is made of firm-specific growth shocks, that shock the concentration (e.g., Herfind-
ahl or other concentration ratio) of the economy. GIVs are available for all periods, while other
instruments (e.g. China shock) are only available for special time periods and industries. Hence,
GIVs complement the studies of investment (Gutiérrez and Philippon (2017a); |(Crouzet and Eberly
(2018)) and wages (Azar et al. (2017)).

We also relate to more methodological literatures.

Reflection problem. There is a rich literature studying social interactions (Manski (1993)).
Interestingly they eliminate any use of the noise. We identify things where it seems previously
hopeless (Sections and — this literature hasn’t explored systematically using idiosyncratic
shocks.

Spatial econometrics. In part of our work, growth in a region affect the other regions. So, in
that part there is a similarity between our setup and that of spatial econometrics (e.g. |Kelejian
and Pruchal (1999); Blasques et al. (2016)); |Shi and Lee (2017); Kuersteiner and Pruchal (2018)).
However, the estimators are quite different. The reason is that spatial econometrics studies the
“local” influence (e.g. of neighboring cities on a city), while GIVs study the global influence. Hence,
the sources of variations, identifiability conditions and methods are quite different. Certainly, the
spatial literature has not identified, as we do, the GIVs as a simple way to estimate elasticities in
contexts such as supply and demand problems, and models with feedback loops e.g. from banks to
sovereign yields.

The reader is encouraged to read Section [2| and (4| at first, and then go to Section |3} which

contains the general procedure, in a second reading.



2 Granular identification: The basics

2.1 Notations

Notations For a vector X = (X;),_; 5 and a series of time-invariant relative weights S; with
>S5 =1, we call

| X

Xgp = N;Xia (1)
N

Xs = Y 8X, (2)
i—1

XF = Xs—XE', (3)

so that Xp is the equal weighted average, X is the size weighted average.
In the paper, we shall also have shocks u;, uncorrelated with variance J?Li. Then, we’ll define

the “pseudo-equal weight” or “inverse variance weights”

. 1/o02
Ei = A — s 4
S 1)o7 @

which satisfies >, E; =1, and is equal to E; = % in when all the 02 are equal. We'll also define

Then, X7 will be the “granular residual” in a number of settings. It is the size-weighted average of
X minus the “inverse-variance” weighted average of X. It will be an optimal proxy for idiosyncratic
shocks.

We use notation (¢ for the estimator of a parameter [3; Er for the sample temporal mean,
Er Vi) = %Zthl Y;; Cy for a vector of controls; ¢ for a vector of 1’s, I for the identity matrix, of

the appropriate dimension given the context; VY = E[Y;Y/] for a variance-covariance matrix.

Herfindahl We define the Herfindahl (strictly speaking, this is an “excess Herfindahl”) as:

1 N
S § 2
h = ~ 2 Sz (6)

N
firms have the same size features h = 0.

A higher h € [O, +/1 — 1| means that the industry is more concentrated: an industry where all the



Variance facts We will repeatedly use the fact that if (u;),_, , is a series of uncorrelated random

variables with mean 0 and common variance o2, then
E [urug] = 0, (7)

and
E [u}] = E [usur] = h?0?. (8)

Hence, the standard deviation of the granular residual ur; is proportional to the Herfindahl. In the
general heteroskedastic case, we have also (the proof is in Section )

E [uqu} = 0. (9)

2.2 A very simple example with no feedback loop

We consider a very simple example with supply and demand.

2.2.1 Basic model

For clarity, we lay out a concrete economic models. Demand by country ¢ at date ¢t is D; =
QS; (1 + yi), where Q is the average total world production, and S; is country i’s share of demand,

normalized to follow:

N
> Si=1. (10)
i=1

The demand disturbance is assumed to be:

Yit = M + Uit (11)

It is the sum of a common shock 7;, and an idiosyncratic shock u;;. All shocks are IID across dates.

Then, total world demand is D; = >, Diy = Q (1 4 ys;), where ys; == >, Siyi is the size-weighted
average demand disturbance. We suppose that supply is Q; = Q (1 + ’%), where p, = £ t;p is the
proportional deviation from P, which is thus the average price of oil. Then, to equilibrate supply
and demand (D, = Q; (p;)), we must satisfy: Q (1+ys;) = Q (1 + 2==), i.e. the deviation of the

price from the average satisfies:

Pr = ayse + & (12)

5Here is the proof. We have E = k (V*) ™', for k = So

1
L(V“)ilL :
Euzug] = E[(E'u) ('T)] = E'E[ue/]T = E'V'T = k/ (V) ' VT = /T =0

as /T = 0.



It depends on the size-weighted average demand shock. This is, the outcome p; depends on the
size-weighted average demand disturbances, ys; = >, S;yi. The aggregate demand and supply
shocks 7, ; can be correlated.

The classic problem is that we cannot estimate a by OLS. Indeed, a regression of p; on yg;
(pr = aysy + &) would be biased, as e, and yg; are correlated.

However, suppose that we form the GIV:

N N
1

2t = Yre = Yst — Ygr = Z Sillir — Z Vi (13)

i=1 i=1
Then, we have (using ug; = Zf\il Silly, Upe = ZZ]\LI %un)
N N
Yst = Z SiYit = N + Wit YEt = Z Vit = e + up,
i=1 i=1

SO

2= (e +us,) — (M + upe) = wse — Up = ury.

Note that z; = ys; — yg; is just formed by observables. It is the difference between the size-weighted
demand and the equal weighted demand. Intuitively, it captures the “idiosyncratic demand” by
large units, as shown by 2; = ury.

We assume that the shocks u;; are idiosyncratic, in the sense that:

E [uye;] = 0 for all 4, ¢, (14)

but the u;,u;; could be correlated. But, in this simple example, all shocks are IID over time.
Then, we have
E [z1e:] = 0 : Exogeneity, (15)

and
E [z1yst] # 0 : Relevance. (16)

Hence, z; = ury is a valid instrument. We call it a “granular instrumental variable” (GIVs).

Given that p; — ays; = €4, we have

E[(pr — ayst) 2] = 0, (17)
i.e. E[piz] — aE [ys;z:] = 0, which gives the supply elasticity «, by

_E [pe2i]
=g szl (18)



Indeed, in practice, we might estimate a by using the temporal means:

Ao 7Pz Erpz]
T - — .
:lr >uysiz  Er [Ysi2]

We state a formal proposition.

Proposition 1 (Consistency of the GIV estimator in this example). Suppose that only that E [u;e,] =
0 (but the uy can have an arbitrary distribution, with mean 0), and a succession of i.i.d. dates t.

Form the GIV estimator z; = yry. Then, z identifies the price elasticity, by a = %. In other
%thtzt _ Erlpez]

% Siusize  Erlysizt]’

terms, the GIV estimators for the price elasticity o, ap = 18 a consistent

estimator.

OLS estimator version One can also use a plain OLS estimator with our instrument urt.ﬁ
Assume for simplicity that the uy’s are uncorrelated and have the same variance (Section

shows how to relax that). Given that
Pt = Qugy + ang + €,

we can simply estimate o by OLS:
= az +e, (20)

with € = an; + &; + aug,; (indeed, we have E [upsug;] = 0). Call a©9L50 that estimator.
We can improve the efficiency of the OLS estimator. We assume E [u;n;] = 0 for all  and t. We
use

N = Yt

as an estimator of n,. We have ny = n, + ug, and ug, = O <\/LN> can be expected to be small.
Hence, regress:

pe = Qury + pn; + €7, (21)
which will yield in the limit of large T" a consistent estimate of a. E In addition, it turns out that

it is a more precise estimator (when N is large enough), as we control for 7.

Precision of GIV estimators The next proposition states when we have a precise estimator
(its proof is in Section [12).

Tn estimator the denominator could be of either sign, and close to 0 in finite sample, leading to some instability
in the estimate.
"However, we will discard 3 as it does not estimate §3 : it is polluted by the correlation with measurement error.

Indeed, B =a+b+ O (+) with a bias b = %



Proposition 2 (Precision of the GIV estimators in this example). We assume that the w; are
uncorrelated but possibly heteroskedastic. The above estimators based on the granular instrument
variable (GIV) yry all achieve identification of the reaction parameter a. The GIV and two G-OLS

estimators have standard errors
VT (6% —a) ~ N (0,02,),

where the standard error of estimator q (equal to GIV, G-OLS0 or G-OLS1) has the form

oo = =2 (22)

Our

with]
0%G-orsoy = var (g, + an; + aup) o2y = var (&), 0%G-ovsy = var (/).

We always have onc-ors > ca1v, and, if corr (e, m;) # 0 and N is large enough, we have o v >

0,G—-OLS0.

When the u;’s are IID, we have
Oup = ho,. (23)

So to have a precise estimate (low 0,) we need: a few large firms (to have a large excess Herfindahl
h), and that demand shocks do affect the price importantly, compared to aggregate shocks (large
ou/0e).

This simple example illustrates the basics. In the full version, we can handle a much richer
setup, including with feedback loop, richer heterogeneity, autocorrelations (and indeed, vector au-
tocorrelation (VAR)), and multidimensionality. We next move to a simple example with feedback

loops.

2.2.2 Model with an enriched factor structure

The model might have a richer factor structure, with r factors, i.e.

Yir = Z Mol + i, (24)
f=1
or, in vector form:
ye = Ay + wy. (25)

where A is a N X r matrix.

8Here ;- is the residual from projecting ; — aupg; on 1; + upg. It is detailed in the proof.

10



Then, we simply run a factor model (i.e. via Principal Component Analysis (PCA)), and,
essentially, we extract the residuals u; to form the GIV. Let us see that more precisely. Suppose
that we have estimated the A\ vector (e.g. via PCA, as we will detail later). Then, call Q a N x N
matrix projecting vectors on a space orthogonal to A, so that QA = 0 (later @ will be optimally

chosen). Then,

Qyr = Quy.
Then, the GIV is formed as:

2 = S'Quy, (26)
so that

2 = S'Quy. (27)

Then, z; is a valid instrument: as p;—ays: = &; and E [ue4] = 0, we have , E [(pr — ayst) 2] =
0. One can also show that this GIV is the optimal one in some senseﬂ It can also be written:

Zp = F/yt = F/ut (28)

for

I=0Q's. (29)

In our basic example , Q =1 —F', so that the GIV was z, := "y, with
r=Q's=5-1L. (30)

A concrete way to see the same thing is that extract the residuals from the factor analysis, which

will be ; = Quy, and then we form
Zt = S/'vat = Z Sz’lllt (31)

In our basic example, U, = Uy — Upy, S0 2p = Y. Sillyy = Usy — Upy.
This shows that the GIV is valid and possible as long as

I=Q'S#0.

Fortunately, this is generically true. If I was close to 0, it would be picked up by very large standard

eIrrors.

YWe want 2z, = a’Quy for some vector a, as z; can only use the purified residual Qu, and be close to S’u;. So it’s
intuitively clear that we might use (26]). More precisely, we want max,ecr~y o.or=0 corr (2, ust), and this gives the
above estimator, with @ in (94).

11



2.3 A simple demand and supply example with feedback loops
2.3.1 A simple model

We next enrich the previous example, and consider a simple supply and demand example that

features a “loop”. Suppose that demand for some commodity (say, oil) is:
Yit = At + N + U, (32)

and supply is
St = WPt + ¢, (33)

where 7, &, can be correlated. We can expect that the demand and supply elasticities (respectively
A and p) satisfy A < 0 < p. Again, to be more formal, y;;, s; and p; are understood are percent
deviation of the average demand of country ¢, supply and price, respectivelyPE]

In equilibrium, supply equals demand,

Yst = St,

which gives the price
by = Use + 1N — &
t — - N -

= (34)

There is a “loop” because demand shocks 7; and wu; feed into the price p;, which then in turns

affects demand. The equilibrium quantity produced is

pusy + P + Ay

S (3)

St = Yst =

The classic problem of estimating supply and demand equilibrium quantity s, and price p; is
that we cannot regress: s, = 0°p; + €7, as €f and p, are correlated.

However, suppose that we form the GIV, as in ([13)

N
1
2t =Yy = Z (Si — N) Yit.- (36)

Then, we have
Zt = Ur¢. (37)

As in the previous example, we assume that the shocks wu;; are idiosyncratic:

E [uitnt] =E [uitgt] = (0 for all ?:, t. (38)

0We take the model of Section and simply set y;; = Apy + ¢ + u;¢, where p; = L ‘;*P = is the proportional

deviation from the average.

12



Then, we have again

E [zie:] = E[zim] = 0 : Exogeneity,

E [z:p¢] # 0 : Relevance.
Estimations of supply and demand elasticities by GIV  The supply equation implies

E [(s; — ppe) 2] = 0, (39)

which gives the supply elasticity u, by
]E [Stzt]

= E [ptzt].

(40)

Er[st2)
Er[pizt]
Now, we want to estimate demand. For that, we make a stronger assumption: we assume that

the shocks u;; are uncorrelated (we will relax this later). Then, this implieq"|

Indeed, in practice, we form the temporal average jip =

E [uEtuFt] =0. (41)

So, given this, we have: yg; — Apy = my + upy, and E [(yge — Apy) 2;) = 0. This gives an estimate of

the demand elasticity A,
E [ypiz]

A= :
E [ptZt]

(42)

Er[yEi2t]
Erlptzt] *

Hence, we have measured the supply and demand elasticities.The next proposition records the

and the estimator Ap =

precision of the estimators.

Proposition 3 (Precision of the GIV estimate in the supply-and-demand example). The GIV
estimators for the price elasticities of supply (u > 0) and demand (A < 0) have the standard error:

\/T(/lT — ) ~ N (0, Ou) Ou = %’ (43)
ﬁ(:\T—/\> ~N(0,0,), a,\:%. (44)

As in Proposition [2| we need a high excess Herfindhal to achieve a high precision.

HTndeed, in the homoskedastic case, we have
2
3

1 1 o

i

E [uEtuFt] =FE

as y . I'i =0.

13



Relaxing the assumptions We can relax the assumptions to the case where the wu; are het-
eroskedastic with variance o7 , but are still uncorrelated (Section considers the case where the

uy's are correlated ).

Estimation by OLS If we want to estimate things by OLS (as we will often do in the general

case), we observe that we can rewrite the solutions as:

_ p _ _
Pe = ugt + &, St = Yst = usy + €f>

= A —A

where the €7, 7 are linear combinations of e, n;. So, if we run the OLS, with z; = ury,
Pt = bpzt + 557 (45)

we estimate )

:m’

which is the sensitivity of the price to supply or demand shock. If we run the OLS regression:

b (46)

Yst = Mz + &7, (47)

we estimate

W
M=——.: 4
" (48)

From M and bP, we can recover the elasticity 4 and A. This is mathematically exactly the same

estimate as the IV estimator. ,

Standard errors: when “weak instruments” are or are not a problem When estimating
via OLS (e.g. b and M), the standard errors are reliably estimated by the usual OLS method,
even in small samples. When a ratio is performed (e.g. to estimate A, ), the usual delta method,
or the GMM based on , also give standard errors

Correspondence with Applied Microeconomics: First and Second Stage in IV  Let us
recast our GIV in the language of applied microeconomics. One can view the first stage as regression
of the price on the GIV:

pr =Pz + (P + €7, (49)

12Indeed, the OLS estimators are My = EEE[SZ%Z]t] and Y = ]E]ETT[’[’;;]. We have i = % = I?ETT[[ypiZt]], which is the

same as , as sy = Yg¢ in equilibrium.
13Because of a potential division by 0, they can go wrong in small samples — then the literature on weak instruments
(Stock and Yogo (2002)) might help.
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which gives b¥ = M—i)\ The second stage is running supply on the instrumented change in the price
Pz
s = w (bPpy) + Bmy + €, (50)

which gives p. Alternatively, one can run the “reduced form equation”
St = bSZt + ﬁsnt + 5?, (51)
which gives a coefficient b°* = M = ﬁ The supply elasticity is given by:

bS

which has the form of a Wald estimator.
The demand elasticity is similar. We can run equal-weighted demand on the instrumented
change in the price, 0Pz
ype = A(0Pz) + B + €, (53)

which gives the demand elasticity /\E Alternatively, can we run the reduced form equation yg; =
bz + Yy + e which gives b¥ = AM, and the demand elasticity is A = ’;—i-

2.3.2 A richer model with factor structure

We can also have a richer factor structure, as in Section [2.2.2. The demand could be:
Yir = AP + Z Ao+ . (56)
f

First, if we know A = M\ is a common elasticity, we consider §; = yix — yg:. More generally, if

we know that A lives in a given vector space AP (i.e., A’ = APK for some K and precified AP), we

4 Here we used which makes the OLS valid.
15Tn the more general framework, the notion of what is a first vs. second stage is a bit arbitrary. Let us see how
to estimate o/ in that first and second stage language. The first stage is the regression:

yse = bz + BYny + BE Cse + ¢, (54)

where we regress on z;, using our recovered factors 7; as controls. From the model, we know that regression coefficient
identifies b = M, the multiplier.
The second stage is the regression:

e f e f
Ff =aof (°z) + 87 s + 7, (55)

which gives the estimator for af. Alternatively, we can regress th on z; (with controls) and the coefficient is af M.
When estimating the influence coefficient, we can also view the second stage as doing

ype = YM 2 + By + BE Csi + €7,

which gives 7.
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use ¥, = Q1. We run a factor model on the ¢, get the residual @4 = Qu, and use that GIV.

2.3.3 Refining the exclusion restriction

Now we can refine the “exclusion restriction”. So far we assumed that E [u;e;] = 0, i.e. no covariance
between idiosyncratic demand and supply shock. If that’s not the case, we can also decompose each
supply with a factor model:

Sit = pEpy + Z APpsd s, (57)
!

Then, if the US has a “fracking shock” that affects both supply and demand, it will be captured
by both w3, and ug for i = USA, but we still maintain E [uftnf/} = 0 for z,2’ in s,d. But now we
keep E [usu] potentially nonzero.

Then, we have two instruments: the old one, i.e. the demand-based GIV, 2 = u, (replacing

putting a d on the demand side), the new supply-based GIV:
7= D"y) = upey, (58)
where I'* = S — E* is the relative size on the supply side. We can also form the difference:
2378 = 24— 22, (59)

Then, the “demand minus supply” GIV is always valid, e.g. it satisfies E [(?JE,: — Apt) Zf_s} = 0.
If supply and demand shocks are uncorrelated across countries, then both z¢ and z7 are valid

instruments.

2.4 Influence and the “reflection problem”

We finish by another example, known as “contagion” or the “reflection problem” (Manski (1993);

loannides (2013); [Kline and Tamer (Forthcoming)). Suppose that actions follow:

Yit = YYst + Mt + Ui, (60)

where 7, is uncorrelated with the u;. This equation means that y;; is influenced by the aggregate
action of other agents (vys;), and in addition to the usual aggregate shocks 7;, and idiosyncratic
shocks u;; (which we assume to be uncorrelated to 7;). The “influence” or “contagion” parameter
v is of high interest.

The GIV approach works as follows. Taking the size-weighted average of , we have yg; =
YYst + M + usg, so that .

yse = M (m + use) , M = E (61)
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We form z; := yry,which (by ) will give yr; = ury. Hence, if we regress by OLS:
yst = M yry + €

we will have a consistent estimator M€ of the multiplier M — hence of 7.@ We have a simple GIV
approach to the “reflection problem”. To the best of our knowledge, this approach is new. Indeed, it
may seem to contradict earlier impossibility results. Section solves the apparent contradiction.
The short summary is that Manski (1993) and Bramoullé et al. (2009) do not consider anything like
a GIV, as they immediately reason on averages based on observables, eschewing any exploration of
the noise. In contrast, GIVs are all about exploring some structure in the noise — the idiosyncratic
shocks of large entities.

2.5 Optimality of the GIV

Once we see that the GIV instrument yr; achieves identification, we can ask for an optimal I". The

I' we wrote down is actually optimal, as formalized below.

Proposition 4 (Optimal weights I' for the GIV yr,). Given some GIV weights I'; with ), I'; =0,

consider the GIV z, = yry = > . Tiyu. Then, the asymptotic variance of the estimator ar (a?1 =
o2 . The value

limy o Tvar (ar — «)) satisfies o2 (T) = Eysond TEr

V-1
UV

r=S-F, E:

gives the optimal GIV estimator, in the sense that for any other T that is not collinear to T, the

asymptotic variance o2 (T') is larger. Then the shocks are iid, this implies E, =1

N
. . ~ 1/02.
are uncorrelated, this implies E; = S Ter
J U

and when they

Hence, the “essence” of the GIV is not to be “size weighted minus value weighted idiosyncratic
shocks”, but rather “size weighted minus precision weighted (i.e. inverse-variance weighted when

shocks are uncorrelated) idiosyncratic shocks.

3 Granular Identification: (General Setup and Procedure

The previous section introduced the GIV in a simple context, with 0 or 1 loops. Here we generalize

the framework to admit an arbitrary number of loops and factors.

16 And we will have &} = n; + ugy.
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3.1 Setup

We now propose a more general setup with potentially several factors, arbitrary loop structure
and rich heterogeneity. Consider the following model of stationary “actions” y;; (e.g. employment,
investment, TFP shock, return etc) by “entity” i (e.g. firm ¢ in a closed-economy setting, or country

i in an international setting):

vio =i+ Y N F 4 ki +m/Cy, (62)
f

where Cj; is vector of controls that may include lagged demands and other characteristics, u; are

idiosyncratic shocks, and each th is a factor. It follows:
Fl =nl +olys + K +0/C. (63)

It depends on an exogenous shock ntf , and some on the mean action ygr ;, with weights that might
depend on the factor; and on a set of controls C;. Those controls could be e.g. lagged values, and
include a 1 We assume that all “size” factors have been normalized to add up to 1, ), si=1.

We partition the set of factors into observables factors F© (e.g., GDP, aggregate investment,
concentration) and hidden factors F# (for some latent factors).

We also partition them into “exogenous factors” F¥*° where we know that of = 0, and “en-
dogenous” factors F™d° where o/ may be non-zero «;-.

We call F¥.0 the set of observable, exogenous factors — those will serve as controls. The

C, = (ot, <th>f€ﬁxo,o) . (64)

In some cases, a previously hidden factor can be made observable by some simple procedure —
then we include it in the set of observable factors["]

We model the exposures to factors as

extended set of controls is

Ay =N+ Mal + ¢, (65)

with xf; € R is an observable (e.g. z; is the de-meaned log size of entity ¢) and we normalize
rg = 0, and (g = 0. We will normalize )\g =1, or )\{ = 1. Indeed, as as only \;F; matters, hidden
factor f exhibit a 1-dimensional rescaling indeterminacy (i.e., the model doesn’t change if we can

multiply the factor by 10, and divide Ay by 15).

1"They are observable and exogenous, so could fit in the general formalism as a factor — but it is clearer exposi-
tionally to separate them.

really an observable factor. Likewise, in the case of Section with no feedback loop from sovereign yields to banks,

rg¢ 1S an exogenous, observable factor.

18This is the case in our initial simple example of Section where yg = ¢ (up to a O (ﬁ) term) so that 7, is
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We call FM1 (resp. F¢ ) the set of factors for which we do not assume that AJ = 0 (resp. ¢/ = 0).
When a factor is hidden, we will need a /\{ to be non-zero to make is visible and measure le . Hence,
we assume if f is a hidden and f €F¢ , then f € FM.

We make the following identifying assumptions, for all f, ¢, the noise u; are idiosyncratic:
wip L (771{7 Ci, x{t) ) (66)
but the 77{ may be correlated across f’s. The u; may have some correlation (Section .
Multipliers Solving for the model gives, yg; = Zf )\gth + ugy, i.e.

ysr = YA (77{ +af ySt) + us. (67)
7

USt+Zf )\émf
1-37; )\gaf !

ysi = M (USt + > Ml ) : (68)
7

So, we can solve for the aggregate outcome yg; as: ys; = ie.

where the multiplier

1
RS IVY (69)
measures the total impact of shocks, after feeding from the feedback loops:
d
M= ySt‘
dust
Hence, an idiosyncratic shock has an impact that M times bigger than its direct effect.
Also, the total impact of an idiosyncratic shock on factor f is:
dF]
L = Mol (70)
dusy

Our regressions will allow to identify M and Mo/

19Tn addition, % = M)\J; and Zl:ff = Mag)\é + 1y—4. We also note the more advanced impact of a shock to the
variable j # i: ' '
dyit f
=M> Maof, 71
Tue =MD N (71)

which can also be estimated, see (174]). The above equation is the reaction dy;; of to a shock dug;, when we also
impose that du;; = 0.
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3.2 An Identifiability Result
We rewrite model - in vector form:

v = ME+u+Cim, (72)
F = aysi+m+ G/, (73)

with A; a N X r matrix, F; a r x 1 vector, Cy an N x ¢ matrix (so Cj; has ¢ components, for typically
¢ a small number say less than 5), m is ¢ x 1

The first column of A; is assumed to be a vector of 1’s, ¢. In this section, we assume that we know
the shape of the factor loadings, i.e. know the A, up to a rotation A;R (for R an invertible r x r
matrix). For instance, depending on the application we know that the loading is an affine function
of log GDP/Capita, or log Market Cap, or the stock market beta of a bank. This is consistent
with the practice in modern finance (see e.g. Fama and French (1993)). Later we develop the full
non-parametric version, estimating the factors. We don’t have a priori information about the 7,
nor their covariance V.

To obtain identification, we need that I' is not 0, and somehow that V* can be recovered. In

what follows, we give conditions to ensure this. We shall make the following two assumptions.

Assumption 1 (Condition for identification with GIV) The vector V*S is not spanned by the

factors loadings N (where V¥ is the covariance matriz of uy ).

Assumption 2 (Restriction on the admissible variance-covariance matrix of residual u;) The variance-

covariance on u; is diagonal.

Assumption [1] is essential and could not be relaxed. It ensures that the GIV is not identically
0. Economically, this assumption seems like a mild restriction. It is generically satisﬁed.@

Assumption [2 could be relaxed in number of ways[?| Other sufficient condition for identification
might be that V" is k—sparse, e.g. has at most k non-zero off-diagonal elements, for some £, e.g.
N — 12 (see also Zou et al. (2006)). Another is to allow for some correlation that depends on the
distance between entities 7 and j, perhaps via Gaussian processes (Rasmussen and Williams (2005)).
We leave for extension to future research.

We next state a formal identification result.

290ur initial examples are particular cases of the general procedure, as detailed in Section

21One thing that is does prevent is the case where the variance would be inversely proportional to size: then, GIV
would fail, as then V*S = a¢ for some scalar a. Fortunately, in most contexts, variance may decay a bit with size,
but less violently than one over size (see e.g. |Lee et al. (1998)) and the discussion in |Gabaix (2011)).

22However, relaxations of Assumptionwill still need to ensure some restriction on the space of variance-covariances
allowed.
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Proposition 5 (Sufficient condition for identification with GIV) Consider the factor model above,
when N s fized but T — oo, and makes Assumptions |1 and . Then, the model identifies M, of
by GIV.

Proof sketch  The proof is in Section [8.1] Here we provide a proof sketch. For simplicity, we
omit the controls Cy. We use a projection matrix ¢ (defined in ) satisfying:

QA =0. (74)

and
QV'(I-Q")=0. (75)
Then, premultiplying by @, we have Qu; = Qu;. Next, we define I' := )'S, and the GIV

as the scalar:
Zt = F,yty (76)

ie. z = S5'Qu = S'Quy = My, ie.
Zt = Ur¢. (77)

Assumption [1] ensures I" # 0.
Recall that we have
Yst = Mug + &

for €; a shock correlated with the n; but not with the u;’s. Finally, we have
us; = S'up = S'Qus + 5" (I — Q) up = 2 + vy,
with v, = 5" (I — Q) us. Now, ensures E [z;0;] = 0. Then, we can write:
yst = Mz + (Muvy + ¢),

with (Mwv; + €;) orthogonal z;. Hence, we can estimate the multiplier M by OLS.

Likewise, we have (via and ([70))
th =al Mz + ef

for some shock 5,{ orthogonal to z,. Hence, we can estimate o/ M by regressing th on z.
In both regressions, we can add the estimated common shocks 7; as controls, which improves

the precision.
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3.3 A step-by-step user’s guide

We outline the benchmark procedure, alongside several extensions that may be useful in practice,
for the following model”|

Yit = Uit + NoFy + Ay + €0+ ki +m/Chy,

where the factor (e.g., a price) is:
Fy = ayse + 1)

and the loading \q; are
At = A1+ Aaxi + G

so that they can be parametric, non-parametric or semi-parametric.

1
1—a)g

When the idiosyncratic shocks are homoscedastic, we estimate M = and « (and hence

Ao) as follows.

1. Estimate the panel regression
Yie = ag +m'Cy + ki + 0y,
where 0% = yi; — a — m® Cy + k¢ gives us an estimate of uy + N
2. Estimate the factor, n;, which can be done in two ways

(a) Run period-by-period cross-sectional regressions of df, on the demeaned characteristic,

T, =Xy — TR,

e _ 5T T
O = Tiny + uiy,
where 7, is an estimate of 7.

(b) Use a factor model or principal components analysis
0 = ¢ + g 4,

PCAe . .
where 7, ~° is an estimate of 7.

3. Estimate the time-series regression

e _ I xze r PCA,e
Tt = At + Apoai + z,

23The procedure in this section extends to the model with multiple endogenous factors, when the factor exposures,
)i, depend on a vector of characteristics, and to the case where the characteristics may vary over time, x;;.
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where 27, the residual of this regression, is an estimate of ur;. Depending on the cross-sectional
dispersion in x; compared to ;,n; or ntp ©4¢ is a more accurate estimate of 1:. We add both
estimates as controls in constructing an estimate of ur;. In some applications, economic theory
guides the choice of z; and ¢; = 0, and we skip step 2(b) and only use 1. If no obvious

choice of z; is available, that is Ay = 0, then we skip step 2(a) and use nt “Ace only.

4. Estimate the multiplier, M = 1_—3)\0, by the regression

Ysi =k + Mz¢ + B5Cy + e

where C; = (Cgt,nf ol CA’6> is a vector of controls, which includes our estimated 7;. We

refer to the estimated multiplier as M¢.

5. Estimate aM via the regression:

F, = aMz+ B¢, + el

e

We refer to the estimated impact as (aM)

(aM)*
Me

sufficient precision. This is analogous to the weak instruments problem in the context of IV

6. Estimate « as the ratio a® = . It is in estimating o that M needs to be estimated with

estimators.

When the idiosyncratic shocks are heteroskedastic, the estimation involves a loop. We start from

E; = 1/N. After step 3, we use the residuals to obtain an estimate of Jii and update the weights

to ;= 0,2/ SV 0,2 If ; = 0, then we use u%, which we directly get from step 2. If we use both
e PCA,e .

7, and n, , we estimate

dit = Piony + ¢i177fCA’e + U,

and use the residuals from this regression to estimate o7 .

In all cases, our estimators are consistent for large NV and T'. However, to obtain consistency with
finite N and large T', we need the precision-weighted E. This implies standard bias-efficiency trade-
off if estimating volatilities reduces the efficiency of the estimator. If the idiosyncratic volatilities

are related to size, we can parameterize them and estimate

lnai =09+ o011InS; + ¢,

2

Us

and use 0. = exp (g¢) 7.

3.4 Discussion: Robustness to misspecification

The GIV procedure is robust to some forms to misspecification, and more fragile to others.
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If we misspecify the vector S of sizes (e.g. define z; using a wrong vector S), things are fine: z
is still valid, it is just not optimal any more.

Likewise, if we misspecify the variance of the u; (but keeping them uncorrelated), then things
are essentially find: as ugp = O (ﬁ), we need not have E [ursug] = 0, but the term E [ur,up,| will
still be small (O (ﬁ)), and negligible for large N.

The threat is that we might not control properly for common factors. In the limit, suppose that
we do not do a factor analysis. Then, z; = yry = Army + ury, and we will fail to control for the Ap

factor. This is a small sample problem (with a large enough 7" we typically measure A accurately).

4 Applications

4.1 Doom loops: Spillovers from banks to sovereign yields and vice-

versa
4.1.1 Contagion from banks to sovereigns

We start from a model in which instability in the banking sector may affect the sovereign but not
vice versa. While the model is misspecified if weakness of the sovereign spills over to the banking
sector, the estimator is straightforward to implement and provides as a useful point of reference for
the full feedback model. Section [9.1| provides a model microfoundation.

We model the return of bank 7, r;, as
Tt = K + BiFt + g,

where F; is a common factor that impacts banking stocks with a heterogeneous exposure Bi We

allow the financial sector to impact the sovereign bond yield via
Ay, = c+ ayrs; + 1y (78)
The model implies for value- and equally-weighted returns

rst = ks + BsFy + ust,

rpe = kg + Beli + ug:,

and thus the residual from regressing value-weighted on equally-weighted returns uncovers ur;. We
write, using ur; >~ ug;,
Ay = ¢+ ayury + G,

24} is a banking factor and hence results in u;; shocks that are more bank-specific than when using, for instance,
the return on the aggregate Italian stock market.
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which allows us to estimate «, using OLS.

4.1.2 Financial doom loops

Next, we allow shocks to the sovereign also to affect the banking sector. To this end, we adjust the
model to
Ty = K + ()\5 + )\f:cz) Fy+ (N + Nay) Ayy + g, (79)

where x; is the (cross-sectionally de-meaned) log market cap F; is again a general factor that is
specific to the banking sector. The feedback from banks to sovereigns, equation (78], remains the
same.

The model implies for value-weighted returns
ror = ks + A5 Fy + XL (¢ + ayrs +nf) + usy,
where we define \f == A + M ag, A% = N + Mg and hence
rst = M (ks + c\) + MNEF, + MNen! + Mugy,

where
1

M= 1— Mo,

This multiplier M is a measure of the “doom loop” (Farhi and Tirole (2017)). It indicates how a
“primitive” shock of 1% to the bank returns affects the sovereign yield (with a strength ), which
in turns affect the banking sector (with a strength AZ) with a strength M%.

For yield changes, we have

Ayss = ¢+ oy Mug + &.

So that the total impact of banking shock on the sovereign yield is is oy, M, i.e. the direct impact
o, times the doom loop M @

To estimate the model, we proceed as follows:

1. Estimate a panel regression

Tit = Ki + Q¢ + 210y + Uiy,

where a; and b, are time fixed effects. We weigh the observation by the inverse of the variance

estimated using a 3-month rolling window. We use v;; to form wvg;. @

25We obtain similar results when we use a bank’s volatility as conditioning variable.

26We could imagine other channels: for instance, bank return that lost money less less, which lowers GDP, weakens
government finances and increases the yield. Our multiplier M and o, should be understood as inclusive of all those
indirect channels. [1/17/19 notes for an analytical example].

2"The results are very similar of we use two instead of three months. However, given the large changes in volatility
during this period it is important to allow for time variation in the volatility estimates.
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2. We estimate the multiplier, M, using the OLS regression

rse = ¢+ Mug, + (.

3. We estimate 3 = o, M using the OLS regression

AySt = C+ﬁu$t +<§J
We then have \% = (M —1) /8 and o, = /M.

4.1.3 Data

We estimate the model using data from the Italian banking sector and government bond market@
We construct a list of banks using ORBIS from Bureau van Dijk. We keep the banks that have been
listed (but may delist during the sample). We merge the banks using ISIN codes to the research
lists for equities from Thomson Reuter’s Datastream@ and only keep the primary security. We drop
banks with a market capitalization smaller than 100 million euros.ﬂWe plot the number of banks
at any given point in Figure [l The number of banks declines during the European sovereign debt
crisis and then stabilizes. In all periods, our sample includes more than 20 banks. We do note,
however, that some banks are part of financial conglomerates (for instance, Banca Generali S.p.A.
is an Italian bank that is part of the Generali Group).

In Figure [2, we plot the concentration using the banks’ market equity, highlighting the high
concentration in the sector at all times.

We use sovereign 10-year benchmark yields from Thomson Reuters. We compute arithmetic
returns for stocks and simple differences in yields as our measure of Ay,. We use weekly returns
at a daily frequency (using overlapping data) to mitigate the impact of non-synchronous trading.
However, using daily returns results in similar, and in fact somewhat larger, estimates.

In Figure [3, we plot the dynamics of German and Italian yields since the introduction of the
Euro. During the first period, Italian yields and Germany yields move in lockstep following the
introduction of the Euro. This changed drastically following the financial crisis and in particular
the European sovereign debt crisis when yields diverged.

In Figure [4] we plot the dynamics of yields and value-weighted returns. The figure clearly
illustrates the strong negative correlation between the sovereign yield and the returns on the banking
sector during the European sovereign debt crisis. The same happened in recent months following

the political uncertainty in Italy in May 2018.

28We are in the process of extending this application to other countries in the Euro area.

29For Italy, the codes for these lists are FITA and DEADIT, and include both alive and dead securities.

30We also remove a small fraction of observations with daily returns over 100% or for which the total return index
falls below one to avoid problems with discreteness. Despite these screens, a concern that remains is that some of
the banks in our sample are small, which may lead to liquidity problems.
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Figure 1: Number of banks. The figure plots the number of banks listed in Italy with a market
capitalization larger than 100 million euros. We use data from September 2009 to July 2018.
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4.1.4 Empirical results

The estimation results are reported in Tabldl] In Panel A, we report the results for the sample
from September 2009 until July 2018, while Panel B reports the results from December 2014 until
July 2018. The European Central Bank announced the large-scale asset purchase programme in
December 2014, which may have helped to stabilize financial markets and weaken the doom loop.
In the first column, we report the results of an OLS regression of (weekly) yield changes on
value-weighted banking returns. The coefficient is -0.015 in the full period and -0.006 in the second,
and both are statistically significant. The R-squared during the full sample is 19%, highlighting
substantial comovement. However, the OLS estimate likely reflects common factors that affect both
the sovereign and the banking sector, and this correlation tells us little about financial doom loops.
In the next two columns, we estimate the impact of weakness in the banking sector on sovereign
yields (“GIV partial feedback”). We first regress value-weighted returns on equally-weighted returns
to obtain the idiosyncratic component of large banks’ returns. The R-squared is around 90%,
indicating that 10% of the large-cap banking returns are idiosyncratic. The coefficient is 1.29 (full
sample) and 1.17 (second sample), indicating that large banks have a higher beta than small banks.
This is consistent with evidence from the U.S. banking sector, see |Gandhi and Lustig (2015). A
reason is that large banks have higher leverage compared to small banks, which is the case in our

sample as well.
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Figure 2: Concentration in the banking sector. The figure plots the square root of the Herfindahl

index from September 2009 until July 2018. The Herfindahl index is calculated using banks” market
equity.
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Table 1: Linkages between banks and sovereigns. The table reports the estimates of the link between
the banking sector and sovereign yields in Italy during the European sovereign debt crisis and its
aftermath. We estimate the models in Panel A using data from September 2009 to July 2018 and
in Panel B using data from December 2014 to July 2018. The first model is an OLS regression from
yield changes on value-weighted banking returns. The second model estimates the causal impact
using GIVs from banks to the sovereign. The third model estimates the full feedback loop using
GIVs.

Panel A: 2009.9 - 2018.7

OLS GIV partial feedback GIV full feedback
Banks— Sovereign Sovereign — Banks Banks — Sovereign
Ay Ts Ay Ts Ay
rs -0.015

t-stat  (-9.56)

rE 1.29
t-stat (55.13)
up -0.011 1.45 -0.015
t-stat (-2.67) (11.95) (-2.93)
R? 19.3% 88.9% 1.2% 16.60% 1.60%
Panel B: 2014.12 - 2018.7
OLS GIV partial feedback GIV full feedback
Banks — Sovereign Sovereign — Banks Banks — Sovereign
Ay rs Ay rs Ay
rs -0.006
t-stat  (-3.59)
TE 1.17
t-stat (35.77)
up -0.0020 1.15 0.0012
t-stat (-0.59) (4.33) (0.30)
R? 5.3% 89.3% 0.7% 5.9% 0.1%
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Figure 3: Yield dynamics in Germany and Italy. The figure plots the 10-year government bond
yields from January 2000 until July 2018 in Germany and Italy.
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In the next column, we report the causal impact of banks on sovereigns, and estimate a coefficient
for oy, of -0.011 (¢ = —2.67), which is somewhat smaller than the co-movement implied by the OLS
estimate. In the second sample, after the sovereign debt crisis, the GIV estimate is substantially
smaller than the OLS estimate and insignificant. Hence, we find no evidence that banks impact
sovereign yields during this calmer period.

In the last two columns, we estimate the full feedback loop. During the full sample, we estimate
a significant feedback M of 1.45, which remains significant but smaller at 1.15 during the second
sample. So, primitive shocks are amplified with a multiplier of M. To the best of our knowledge,
this is the first causally estimated measure of doom loops.

The impact of banks on the sovereign during the full sample equals —0.015, but as explained
before, this coefficient corresponds to . To uncover «,, we use o, = #/M = 0.010, which is close
to the GIV estimate coming from the partial feedback model (but lower than the OLS estimate).
This coefficient § = —0.015 means that a 50% decrease in bank stock returns adversely affect
the sovereign yield by increasing it by 75 basis points. During the second sample, the estimate
is insignificant again. These estimates together imply point to a financial doom loop that was
operative during the European sovereign debt crisis. Going forward, one could imagine drawing

rolling window measures of doom loops.
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Figure 4: Sovereign yield and banking returns. The figure plots the 10-year government bond yield
from September 2009 until July 2018 in Italy alongside the equity return on the value-weighted
banking index.
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4.2 Oil supply elasticity
4.2.1 Data

Our data construction follows the existing literature (Kilian 2009; Caldara et al 2018). The data
on oil supply and prices are from the U.S. Energy Information Administration (EIA). We observe
the monthly oil supply for 21 countries (OPEC and non-OPEC) from January 1985 until December
2017.@ The real oil price series is obtained based on the refiner acquisition cost of imported crude
oil and deflated using the US CPI to obtain the real price of oil. We focus on short-run supply
elasticities and use monthly changes in supply and prices.

Discuss use of truncation

4.2.2 Model

The oil supply curve is given by
Yit = ki + Aope + iy + it

where A\ = Ao+ \jxy + (;, where x; = 1 is a country is a member of OPEC. Price in turn depends
on aggregate demand and supply,
Dt = OYst + €.

4.2.3 Estimates

4.3 Aggregate GDP and employment multipliers
4.3.1 Model

Our specification and data construction follow Nakamura and Steinsson (2014), but we extend the
model to allow for aggregate spillovers. Let y;; denote 2-year growth rate in per-capita employment

or real per-capita GDP in state i from year ¢ — 2 to year ¢¥] The model is
Yit = ki + ayse + Nine + i, (80)

where \; = \g + \x; + (;. We define the multiplier as M = (1 — oz)_l. As z; measures the exposure
to aggregate shocks, we use the average growth rate in state ¢ during the four worst declines in

aggregate growth, yg;, in our sample.

31'We follow Cadara et al. (2018) and remove Gabon from the sample due to concerns about data quality.

32As OPEC membership changes over time, ;; is indexed by time.

33 Alternatively, we could model the annual growth rate and add lags to capture the persistence in GDP. To make
our estimates comparable to the existing literature we use 2-year growth rates instead.
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Table 2: State-level growth spillovers. The table reports the multiplier estimates for real per-capita
output growth and per-capita employment growth using data from 1963 to 2017. We use the model
in @[) to estimate the multiplier.

Output M Pl Resquared
Estimate 2.52 -0.11 0.18 0.62

St. error 0.45 0.01 0.05

Employment | M 5™¢  pP“**  R-squared
Estimate 1.63 -0.05 -0.25 0.59
St. error 0.49 0.01 0.03

4.3.2 Data

All growth rates are computed on a per-capita basis. For GDP, we start from annual nominal GDP
growth using data from the Bureau of Economic Analysis. We deflate the nominal GDP numbers
using the national CPI. We construct per-capita growth rates by dividing the real GDP numbers
by the state-level population numbers from the U.S. Bureau of the Census. We use nominal GDP
or employment as weights to aggregate growth rates. We use data from 1963 to 2017, providing us
with growth rates from 1965 to 2017. We remove the average growth rate and a time trend from
each of the series. In addition, we remove four states (Alaska, North Dakota, South Dakota, and

Wyoming) with extreme growth rates in the early years of the sample, see also Sarto (2018).

4.3.3 Estimates

We report the point estimates in Table [2| for output and employment where we use 1" and nf CAe

as controls. The point estimate for GDP growth is somewhat larger at 2.5 than for employment
growth at 1.6, but the confidence intervals overlap. To be conservative, we use M = 1.5 in our

calculations below.

4.4 Industry concentration and corporate investment
4.4.1 Data

We use data constructed by (Gutiérrez and Philippon (2017b)) (GP), who start from Compustat data
and make a series of adjustments as Compustat only contains a subset of all U.S. firms and does
not account for imports. We focus on C'R;,(n) as our concentration measure, which is the share of

sales by the largest n firms in industry j. While this measure measure is perhaps ad-hoc in that

34Including the factors as controls is quite important in this application, instead of simply regressing yg; on yry.
If we do not account for the factors, the multiplier estimates are much smaller, which indicates that smaller states
are more exposed to aggregate shocks. In addition, adding the factors as controls sharpens the estimates.
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it selects a discrete cutoff instead of a more smooth measure that accounts for all firms, it requires
fewer additional assumptions than, for instance, the Herfindahl index as we do not have firm-level
data for the entire population of firms.

Starting from the sales share of the top n firms in an industry based on Compustat data, GP
multiply it with the share of Compustat sales relative to the sum of gross output and imports for
a given industry. If import data are unavailable, as is the case for services, the Compustat share is
adjusted using gross output data only. The net investment rate, nij;, is defined as gross investment
minus depreciation relative to capital in the previous period. The gross and net investment rate
are constructed using data from the U.S. Bureau of Economic Analysis (BEA). The BEA data are
from 1995 to 2015. We follow the same industry classification using BEA segments as GP, and we
only include industries for which the number of firms exceeds five in all years. This results in 41

industries in total.

4.4.2 Facts and OLS results

As documented by GP and others, concentration has increased during the last two decades while
investment declined. In Figure |5, we plot the dynamics of C'R(8) alongside the net and gross
investment rates. We aggregate all measures across industries using gross output.

In addition to the aggregate trends, variation in concentration across industries also appears
to be related to changes in investment rates. In Figure [6] we plot the concentration measures in
1995 and 2015 as well as the net investment rates. A cross-sectional regression of the low-frequency
change in the net investment rate on the change in concentration results, while controlling for the
change in Tobin’s Q, in a regression coefficient of —0.10 (t = —2.78).

We estimate a panel regression to relate concentration and investment rates
nijy = rj + BCR;(n) +0Qj-1 + €je, (81)

where we control for the lagged Tobin’s ), add industry fixed effects, and add year fixed effects in
some specifications, implying that we identify § from variation within industries only. We weight
industries by the average size of the capital stock.

In Table [3, we report the results from the OLS regression. This OLS regression does not
instrument changes in industry concentration, and it is not a causal analysis, unlike the GIVs that
we will next show. In the first two columns, we only include industry fixed effects, but no year fixed
effects. In the first column, we do not cluster the standard errors, while in the second column they
are clustered by industry. In the third column, we include year fixed effects and cluster standard
errors by industry. The results, if they were taken at face value (which one should not, as they are

not instrumented) might suggest that a 1% increase in the concentration ratio results in a 0.1-0.07%

351f we weight the observations by the size of the average capital stock of an industry or by the absolute change in
concentration, the slope coefficients change to —0.10 (t = —3.77) and —0.092 (t = —4.19), respectively.
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Figure 5: Trends in concentration and investment rates. The figure displays aggregate trends in
concentration as measured by the C'R(8) measure (top left panel), the net investment rate (top
right panel), and the gross investment rate (bottom left panel) from 1995 to 2015. Industry-level
data are aggregated using gross output.
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Figure 6: Changes in concentration and investment across industries. The figure displays the change
in concentration as measured by the C'R(8) measure from 1995 to 2015 (horizontal axis) and the
change in the net investment rate over the same period (vertical axis) across industries.

Change in net investment
0
1

Change in CR(8)

decline in the net investment rate.

We vary the concentration measure to Cj(n), n € {4,8,20,50}, in Table The regressions
include industry and year fixed effects, and we cluster standard errors by industry. The results are
strongest for the C'(8) and C'(20) measures, but the results are broadly consistent across specifica-

tions.

4.4.3 GIV results

Next, we use GIV to provide a causal estimate of S under different assumptions about the drivers

of firm-level growth rates.

Modeling growth rates and constructing an instrument The concentration measure is

defined by
Cji (n) = Z Sijt = Ojit Z Sgtp = thCﬁP(”),
i=1 i=1

where n < N, 0j; is the share of Compustat sales relative to gross output and potentially imports,

ng is the sales share based on Compustat data alone, and CthP (n) is the concentration measure
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Table 3: Net investment and concentration. The table shows the OLS estimates of (]&D using data
from 1995 to 2015. The specifications in the first two columns do not include year fixed effects while
the specification in the third column does. Standard errors are clustered by industry in the second
and third columns. We use the C'R(8) measure to measure concentration.

[/K(t) I/K(t) I/K(t)

CR(8,t) -0.100  -0.100 -0.070
(-6.78) (-2.96) (-2.53)
Q(t-1) 0.019  0.019 0.013
(9.48) (3.46) (2.91)
Time F.E. v
Observations 861 861 861
R? 0.154  0.154  0.280

t statistics in parentheses

Table 4: Net investment and concentration: Robustness. The table shows the OLS estimates of (]8_1D
using data from 1995 to 2015, but we vary the concentration measure to Cj;(n), n € {4,8,20,50}.
All specifications include year fixed effects and standard errors are clustered by industry.

[/K() T/K(E) T/K({) /K(t)

Q(t-1) 0.013 0.013 0.013 0.013
(2.95) (2.91) (2.94) (2.98)
CR(4,t) -0.054
(-1.75)
CR(8,t) -0.070
(-2.53)
CR(20,t) -0.067
(-2.60)
CR(50,t) -0.055
(-2.01)
Time F.E. v v v v
Observations 861 861 861 861
R? 0.270  0.280  0.280  0.273

t statistics in parentheses

37



using only Compustat data. We approximate the 5-year change in the concentration measure as
n
5) CP
ACY (n) = ;3" STY 4 (gt — gge) - (82)
i=1

where g;;; is the sales growth of firm ¢ in industry j over a 5-year periodlﬂ and o; = 0;;. This
expression highlights that shocks that affect all firms in a given industry identically do not affect
concentration. To mitigate the impact of outliers, we use geometric growth rates and winsorize
them at the 1% and 99% level by industry. [']

We consider three models of firm-level growth rates that may help to understand the channel

via which concentration relates to net investment rates. In the first model, growth rates evolve as
Gijt = Qjp + ATij 50 + Uije, (83)

with the normalization zgj; = 0.

If 2,5 is demeaned log size, a positive A corresponds to a shock (e.g. a regulatory shock) that
favors the growth of large firms, and penalizes the growth of small firms — e.g. perhaps because
large firms can adopt new technologies better, because of changes in anti-trust regulation, or more
darkly because they can lobby.

The industry-year effect will be absorbed in computing g;;: — ggj:. We compute the instrument

as
n
_ cP
zjt(n) = o E :Sij,t—5uijt‘
i=1

In this model, we isolate the variation in firm-level growth rates adjusting for an aggregate shock
that affects all industries in the same way. Within industries, however, small and large firms may
be affected differentially.

In the second model, we allow for common shocks that differ for manufacturing and non-

manufacturing industries,
Gijt = Ot + AManuf(j)Tijt—5MManut(j)t T Uijts (84)

which we estimate by regression firm-level growth rates on z;j;; interacted with manufacturing-year
fixed effects, where Manuf(j) groups industries by manufacturing and non-manufacturing. We
construct the instrument by replacing wu;;; by 1, in calculating the instrument.

In the third model, we allow for industry-specific shocks that differentially affect small and large

36We omit firms that enter and exit the sample during this period, which may weaken the instrument. An
alternative approximation would use growth rates defined by g;;: = 2(Yij¢ — Yijt—5)/(Yije + Yiji—5), as in Davis,
Haltiwanger, and Miranda (2007), which is a way to account for entry and exit.

37To illustrate the impact of approximating o;; by o, we run a panel regression of ACJ(-f)(n) on JjACj(f)’CP(n),
including industry fixed effects. The R-squared of this regression is 51% with a slope coefficient of 0.96.
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Table 5: Net investment and concentration. The table shows the OLS estimates of @ using data
from 1995 to 2015. The specifications in the first two columns do not include year fixed effects while
the specification in the third column does. Standard errors are clustered by industry in the second
and third columns. We use the C'R(8) measure to measure concentration.

I/K(t) I/K(t) I/K(t)
CR(8,t)-CR(8,t-5) -0.096 -0.096 -0.075
(-5.90) (-3.21) (-2.72)

CR(8,t-5) -0.11 -0.11  -0.060
(-5.68) (-2.18) (-1.48)
Q(t-1) 0.018 0.018 0.013
(9.37)  (3.41) (2.96)
Time F.E. v
Observations 861 861 861
R? 0.154  0.154  0.281

t statistics in parentheses

firms

Gijt = Ot + NjT4j 1575t + Uije. (85)

We compute the instrument as before but with 1i;;; replacing w,j.
Lastly, our instrument isolates the idiosyncratic variation in 5-year changes in concentration
ratios using the approximation in . We rewrite the regression equation in as

m'jt = Iij + BAE,CRJt(TL) + ’}/CRN_E,(TL) + (SjS_l + Ejt, (86)

and instrument A;CR;;(n) using the GIV. In Table , we first repeat the OLS estimation of this
model, analogous to Table [3] We find, as expected, that the estimates of 3 and + are similar. In
addition, the OLS estimates imply that  is statistically significant.

Estimation results We consider a specification with and without time fixed effects. We include
industry fixed effects in all specifications and cluster standard errors by industry. The first-stage
estimation results are presented in Table [6]

We find that the instrument is in all three models strongly related to within-industry variation in
concentration. In the first two columns, we only control for common shocks that differentially impact
small and large firms. In the next two columns, we allow for different shocks to manufacturing and
non-manufacturing industries. In the last two columns, we allow for industry-specific shocks that
impact large and small firms differently. The second column of each pair includes time fixed effects.
In all cases, the instrument is not weak and the lowest F-statistic is 29.2, which corresponds to the
final specification (Column 6).
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Table 6: First-stage estimation results. The table shows the first-stage estimation results of (]@
using data from 1995 to 2015 where we use GIVs to instrument changes in concentration as measured
by the C'R(8) measure. The results in the first two columns correspond to the firm-level growth
model in , the next two columns to the model in (84)), and the last two columns to the model
in . The second column of each model includes year fixed effects. Standard errors are clustered

by industry.

Model 1 Model 1 Model 2 Model 2 Model 3 Model 3

Q(t-1) -0.0023  -0.0030  -0.0024 -0.0030 -0.0038 -0.0036
(-0.36)  (-0.40)  (-0.38)  (-0.39)  (-0.49)  (-0.43)
C(8,t-5) -0.35 -0.36 -0.36 -0.36 -0.40 -0.41
(-2.84)  (-275)  (-2.87)  (-2.74)  (-2.95)  (-2.94)
z(n), model 1 1.09 1.11
(10.68)  (9.72)
z(n), model 2 1.05 1.07
(10.63)  (9.26)
z(n), model 3 0.81 0.80
(7.02)  (5.64)
Observations 861 861 861 861 861 861
R? 0.446 0.464 0.433 0.453 0.371 0.393

t statistics in parentheses
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Table 7: Second-stage estimation results. The table shows the second-stage estimation results of
using data from 1995 to 2015 where we use GIVs to instrument changes in concentration as
measured by the C'R(8) measure. The results in the first two columns correspond to the firm-level
growth model in , the next two columns to the model in , and the last two columns to the
model in . The second column of each model includes year fixed effects. Standard errors are
clustered by industry.

Model 1 Model 1 Model 2 Model 2 Model 3 Model 3

C(8,t)-C(8,t-5)  -0.16 -0.14 -0.16 -0.14 -0.11 -0.100
(-3.97) (-1.87) (-4.17) (-1.88) (-1.70) (-1.05)
Q(t-1) 0.018 0.013 0.018 0.013 0.018 0.013
(3.42) (2.94) (3.43) (2.94) (3.42) (3.03)
C(8,t-5) -0.14 -0.093 -0.14 -0.093 -0.12 -0.073
(-2.90) (-1.81) (-2.98) (-1.83) (-2.09) (-1.25)
Observations 861 861 861 861 861 861
R? 0.136 0.266 0.137 0.266 0.153 0.279

t statistics in parentheses

The slope coefficient varies between 0.15 and 0.2, where part of the attenuation is due to the
data limitations described before. With more complete data, including domestic firms that are not
covered in Compustat and foreign firms, yet following the same steps, one may be able to strengthen
the instrument further. At the same time, our instrument complements the literature by focusing
on domestic shocks as opposed to increased competition from China (Autor et al. (2013))

In Table [7} we report the second-stage results. For the first two models, we find that investment
is significantly negatively related to concentration, consistent with the OLS results and GP. The
point estimates are in fact somewhat more negative compared to when we estimate the model using
OLSP

Take the coefficient of net investment on GIV-instrumented change in the concentration ratio,
which is —0.16. It means that a 1% increase in the concentration ratio results in a 0.16% decline
in the net investment rate.

The first conclusion from this application is that GIV can be used to construct instruments
for changes in concentration that are not weak, and can plausibly be strengthened further with

more granular data. Second, the link between concentration and investment is robust to common

38GP instrument concentration by “noisy entry” in the nineties, which affects concentration in the early 2000s.
As they explain, their instrument relies heavily on an exceptional period in the late nineties in which entry is not
well explained by fundamentals. GIV may be applicable outside of this episode as well, provided that concentration
is sufficiently strong and idiosyncratic shocks are sufficiently large. Moreover, we can control for different types of
aggregate shocks, as explained below, which may be helpful in understanding the channel.

39However, once we allow for common shocks at the industry level that may affect small and large companies
differentially, the point estimate lowers and turns insignificant. This is probably because this control soaks up too
much of any variation.
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shocks to all industries that may impact small and large firms differently, or common shocks to
manufacturing and non-manufacturing industries (but potentially with a differential impact on
small and large firms). The link weakens when we allow for industry-specific shocks that may affect
firms of different size differently.lﬂ

5 Inferring Macro Elasticities from Micro Elasticities

An energetic and ingenious recent literature has estimated “regional impacts”. For instance, [Mian
and Sufi| (2014) estimate a negative elasticity ¢ of local non-tradable employment to local housing
prices. Nakamura and Steinsson| (2014) estimate a local impact 1" of local government spending on
local employment and GDP.

A key open question is: how to go from the local impact 1) to the global impact ). We shall show
that, under fairly reasonable conditions, we have the following. Using M as our GDP multiplier
(estimated in Section , the global impact is:

Y= My~ (87)

We next justify this. We first sketch the assumptions (which are detailed in Section . There
are feature N regions. In each region, consumers have Cobb-Douglas preferences in non-tradables
and tradables.

There are shocks, in particular shocks about expectations of future income, which work as
shocks to consumption. Crucially, there is no special policy to counteract the shocks under study,
e.g. housing shocks. Hence they have the same propagation as other shocks. This is why our
general “GDP multiplier” is legitimate to capture general equilibrium effects.@ If each shocks had
a different macro-policy, we’d need changes to the multipher.@

As we focus on the short run, prices are sticky in the short run. More behaviorally, they have a

high marginal propensity to consume and are non-Ricardian (they forget about future taxes).

Proposition 6 (Going from micro to macro estimates: impact of housing on employment). Call
Yt the elasticity of local employment to local housing prices, as in|Mian and Sufi (2014). Then, the

aggregate impact (i.e. the elasticity of total employment to an aggregate change in housing prices)

40There is a potential bias: if Apple grows a lot then the concentration in the consumer electronics sector goes up
(as we used earlier). But also, Apple invests a lot (there is an idiosyncratic increase in net investment by Apple).
So, purely via idiosyncratic shocks, we except a positive correlation between increase in large firm sizes (hence,
concentration) and net investment. Hence, our coefficient § (called b in this section) will be upward biased. Section
discusses that, and finds that this bias is actually very small.

**An important enrichment is to distinguish between demand (i.e. preference) and supply (productivity) shocks,
especially empirically, and have a multiplier M for demand shocks and another M for supply shocks. We plan to do
that in a next iteration of this draft.

42Then, we could still do a GIV to estimate the multiplier M for those shocks. For instance, in the context of
Proposition @ we’d run a GIV relying on the weighted sum of idiosyncratic shocks to housing prices.
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18!
P = Myt (88)
The proof is in the appendix. For instance, Mian and Sufi (2014) find that a drop of 10%

in housing net worth created a temporary fall in non-tradable employment of 2.1%, so i.e. a
local elasticity of 1! ~ 0.21.|f| As we find a GDP multiplier M ~ 1.5, the global elasticity is
¥ = My? ~ 0.3. Given the aggregate fall in housing prices during 2006-9 was about 10% (Mian
and Sufi (2014)), this accounts for an aggregate employment drop of ¢ x 10% = 3%.

Proposition 7 (Going from micro to macro estimates: impact of government spending on GDP).
Call ¥* the dollar impact on local GDP of $1 of local government spending, as in |Nakamura and
Steinsson (2014) or|Chodorow-Reich (2017). Then, the aggregate impact (i.e., the aggregate dollar
impact on GDP of an increase of $1 of government spending) is:

OéNT

b= My o (89)

N G,NT

where aNT s the share of non-tradables in the consumer’s basket, and o 1s the share of non-

tradable in the government’s basket.

Likewise, Nakamura and Steinsson (2014) find that $1 of local government spending increases
local GDP by 9’ ~ $1.4. We assume that government and households spend equal shares on
tradable vs non-tradable goods, a‘é% = 1. Given our estimate M =~ 1.5, this leads to an aggregate
elasticity of ¢ = M1’ ~ 2: a $1 increase in government spending leads to an increase in aggregate
GDP by $2. This is a rather high estimate. It is consistent, however, with a marginal propensity
to consume of u = 0.5, and non-Ricardian consumers, which would give M = ﬁ = 2 (see |Gabaix
(2018) and Section [8.4] for such a model with modern microfoundations).

6 Extensions of the framework

There are many ways to increase the setups in which the GIV idea applies.

One can handle multidimensional “actions”: for instance, a firm could have a shocks that affect
both productivity and labor demand. Formally, the actions y;; are now multidimensional. The GIV
idea goes through, this is developed in Section [10.1]

The GIV can also be extended to non-homogeneous influences Suppose a model:

Yit =7 Z Gijyje + Nine + Wi, (90)
J

43We calculated the 0.21 elasticity from their original data, and this is confirmed by the following back-of-the-
envelope check. Analyzing the 2006-2009 period, they find that a local drop of 10% in housing created a temporary
fall in non-tradable employment of 3.7%. Using a 0.7 share of nontradables (Nakamura and Steinsson| (2014)), this
would give an local elasticity of total employment to housing net worth of /¢ ~ 0.37 x 0.7 = 0.26.
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i.e., in vector form
yr = vGyr + Ang + uy, (91)

with a given “influence” matrix G (in our baseline model, G = 1S"). We'd like to identify v, the
strength of linkages. The generalization of our GIV (which turns out to be optimal) is to define a
“size” vector S := G'E. Then, left-multiplying on the left by E’, we get

Yee = YYst + Nsgne + us:.

The key moment is still E [(yg: — Yys¢) 2¢] = 0, where the GIV is again z; = ys; — yg; in the simple
case where A = ¢ and Gt = 1 — see Section for the general case. Hence, GIV generalizes to
“spatial” models with common shocks (most spatial models do not have latent common shocks).

Another extension is a Bayesian interpretation of the GIVs. This way, we can interpret GIVs in
a Bayesian framework — see Section In the simplest cases with Gaussian shocks, the maximum
likelihood estimate is our GIV — confirming its optimality properties. At the same time, the GIV
doesn’t actually use normality assumptions.

Furthermore, many econometric extensions might be useful, e.g. with stochastic volatility, and

various dimensions of autocorrelations. We leave those extensions to future research.

7 Conclusion

In this paper we introduce the granular instrumental variables (GIVs): we remark that idiosyncratic
shock offer a rich source of instruments, and we develop econometric procedures to extract them
from aggregate shocks.

We provided some empirical applications. We plan to put on our web page a series of GIVs,
and their control shocks 7;’s. They might be useful for empirical work.

Many more are conceivable. Do firm-specific hiring and investment spill over to peer firms
operating in the same product market? How much do constraints of financial intermediaries (e.g.,
broker dealers) matter for asset prices? How important are demand and supply shocks in oil
markets? How much do international shock propagate 7 How does a currency movement affect
exports and borrowing (one could handle that via idiosyncratic demand shocks by large financial
institutions for the currency in question)? We think that GIVs are likely to be helpful in a variety
of settings beyond those studied in this paper.
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8 Appendix: Complements and Extensions

8.1 Identifiability with factor models

Here we detail the procedure with parametric factor models, as in Section Proof of Proposition
[l We next prove this proposition and more importantly show how to construct the GIVs.
The solution is, with A\g = S’A a 1 x r vector, M = —

1-Aga’
Yst = M (us; + Asne + Csym) (92)
Y = Uy + A [O{M (USt + AS'I’/t + Cstm) + T]t] + Ctm. (93)

Given a symmetric matrix W of size N x N (which, later, will optimally be W = (V“)_l, but
we don’t use that here yet) we define{"

Q=1I—ANWA) AW, (94)

so that
QA =0, QWA =0, (I-Q)W1Q =0, Q* = Q. (95)

Roughly, @ is the projection on the space orthogonal to the A, but with a dot product that depends
on W. Hence, implies:

Qur = Qui + QCym. (96)
Defining, for a vector Y;,
Y = QY (97)
we have
U = Uy + Cym. (98)
44For instance, in our basic example with uniform loading A = ¢, Q = I — tE’, where E = LY“ZI}L.
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The controls C¥ are all assumed to have non-zero cross-sectional variation: this is what allows to
identify their m. A variable that’s an “aggregate control” without cross-sectional variation (e.g. a
time fixed effect, or maybe the world price of oil if we study the macroeconomics of a small country

not affecting it) will be classified as an th —it’s in FE*0 the set of observable, exogenous factors.

8.1.1 Estimating the variance-covariance matrix of the residuals, V*

This is like in the iterative version of Section [19.9.11#7]

First, we estimate m, using Basically, we can estimate m by OLS. It’s pretty easy, as we

have (N —r) x T effective values to use (where r is the number of factors):
m® =By [CWC] ™ By [CiW 3] . (99)

Next, we estimate V" In what follows, we assume that m was estimated without errors (XX to
check the impact of that). We have u, := Q (y; — Cym®) = Quy, so that:

Vi=E [atag] = QK [utug] Q. (100)

We consider the case where we have a priori knowledge that V" diagonal. Let us call D" =

(V#),_, y and similarly for D* = (V;¥)._, \ (so they are vectors of dimension N) and a new matrix
Rzy = ( 2/)2 Then:
D} =V = Z WV“ Z Ri; Dj,
J
i.e., D% = RD" so we recover

D“¢ = R™'D*" (101)

Parametric variant We can do a parametric variant. We parametrize In O'ii = (727 for some
vector of characteristics =7, e.g. log size or log volatility (and z¢ has 1 as the first component) —
o is just a superscript here, not an exponent. So, we estimate 37 by regressing the log estimated
variance from on the characteristics:

In D = %27 + ¢,
and take the fitted values for the diagonal covariance matrix of the u;’s

DY = 7. (102)

45Tndeed, in the most basic case the only factor loading is A = ¢, so that Q = I — +E’ for some E with /E = 1.
For instance, ;; = u;; — wps.
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Loop over W This gives a consistent estimate of D", for any W. Now, Bayesian considerations
[11/16/180] indicate that the optimum W is

W=y, (103)

So, we can loop: a good initial W is probably 1/var (y;). This gives an estimate of D*, and a new,
better estimate of W = diag (1/D}"). We can keep looping. We have consistently estimated the
variance matrix of V*.

We have identified V*. We can now estimate .
8.1.2 Estimating multipliers o/, M by GIV
We have identified W* in the previous subsection. We show how to estimate the o/ and M. We
set @ as in (94). Then, gav

Qi = Qui + QCym. (105)

Let us define
I'=Q'sS, (106)

and define the GIV to be zry = I" (3, — Cym), which gives:
zre = I (y; — Cym) = Tuy = upy. (107)

This relation means that we identify ur; exactly, even though we estimate the n; with errors.lﬂ
The GIV is possible if and only if
r'#£0. (108)

46 A5 a motivation, let’s consider the Bayesian estimate of 1,. Suppose for now that & = 0, and m = 0 so that
there is no loop. Then, the log likelihood L satisfies (assuming a flat prior on ;)

—2L = (y; — An)) W (y; — Any) — In|[W],
so that the MLE sets the derivative of this w.r.t. n, to 0:
AW (y, — Ang) = 0,
ie.
ng = (NW"A) " AWy, (104)
and the residual is
ug =y — Ang = Q" y,

for the value of with W = W". (In the basic case where A = ¢,then uf = y — wyp with E = L,WWLL). This
suggests defining z, = S'uf = S'Q" "y, which is what we do for the general case with vy = 0.

47This may be surprising, but consider the following simple case to see how this is true: if y;; = Aps +n4 + s, then

y p g g p Y Pt 1

as I''v = 0, yr¢ = ur¢. So we perfectly measure the ur;. This relation with the @ generalizes that simple example
with more complex factors.
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This is exactly what motivated Assumption [1] mentioned in Proposition [5][®]
We define E =S5 -1 = (I — Q') S, so that

Ust = Ury + UEt,
then (95)) implies that E [ugyur: = 5" (I — Q) V*Q'S = 0, so that we have the key relation:
E [U/EtUFt] = 0. (109)

In addition, the value
Zot ‘= C’Stm (110)

is also a valid instrument. Hence, the following is an instrument:
Z2 = zre + 2ot (111)

and it is actually optimal, given (92)). The reasoning is exactly as in Section So, an instrument

is the following optimal combination:

Zt = UTt + Cstm. (112)
Hence, reads:
yse = M (ugy + Asne + Csem) = (ure + upe + Agny + Coym) = Mz + €7° (113)

for e® = M (ugs + Asn;) uncorrelated with z;. Hence, M will be consistently estimated by regressing

Yst:
E[(yst — Mz) 2] = 0. (114)

Likewise, for f an observable, endogenous control (i.e., one such that o/ need not be 0 a priori), we
can regress:
th :anzt—iraff

with ef' = n; + aMe?® so that we can estimate aM consistently by the OLS regression of F; on z.

Recovering the cross-sectionally important exogenous factors th . If we have a cross-
sectionally important factor 777{ , we will want to control for it to gain statistical precision. To do so,
we first want to extract the factor. For notational simplicity, we assume that we removed all the

controls Cym (i.e., we replace y; by y, — Cym).

48If VS was spanned by the A, we could write S = WAb for some vector b, and we’d have Q'S = 0, by
Conversely, if S is not spanned by the V*S, the it is easy to check that I" # 0.
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We define the r x N matrix®|
Ly = (MWA) ™ AW, (115)

so that
LtAt - Ir. (116)

Next, using QA; = 0 in the factor structure gives:

([_Q)yt :AtFt+([_Q)ut-

Premultiplying this by L; gives:
Lt(I_Q)yt = Ft+Lt([—Q)ut

Hence, an estimate of the Fj is
Ff=L(I—-Q)uy. (117)

Indeed, we will have
Fte — E + EtF'e’

where 5{ ‘= —L;(I —Q)uy is a small error. In addition, this error is orthogonal to ZFt
B [Ffan) =0, (118)

so that the measurement error in the factors does not introduce a bias when estimating M.

Given this, decompose F; = (Eendo,Ftexo) with endogenous factors (i.e., affected by wu;) and
exogenous factors. We keep F*° as use them as controls.

To get a feel for the situation, let us take the main example, where A;; = (1,2;) with g =0
and y;; = yp; + & + Timy + i, and W = Io, 2. So factors are: Fy = (ando, Ftexo) = (ype + 6, m1),
we have I —Q = AL, so L(I — Q)= LAL = L, hence Ly, = (yEta ﬁ), so that the error is

/
FeF=el = L(I-Q)u = (uEt, et ) , (119)

2
a2l

and the standard deviation of its components are \‘;—}*v, \‘;—igi The factor analysis recovers (up to

that error) Fy, = (Ftendo, Ftexo) = (ypt + €¢,m4), S0 it recovers 7, but not ;. We can use that 7, as a

control in the regression.

49We might also take L; == (AjA;) " A}
50Indeed, ([107) gives

~E[Ffz) = LU-QV'Q'S=LI-QW'QS=0
using (I-Q)W Q' =o.
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Regression with controls If we have observable, exogenous factors Fy with g € F¥**O  then

for efficiency it is good to include them as controls, and regress by OLS:

ysi = Mz + Y BUF!+&ps, (120)
ge]_‘Exo,O
Ff = o/Mz+ > BrF +4&. (121)
ge}‘Exo,O

Hence, there are three types of “controls”: (i) First, the controls C% that have cross-sectional
variation, so that their impact m”* can be estimated from the cross-section. They can be used as
instruments in z¢; = >, Ckmy. (ii) Second, the controls that impact the whole system without
cross-sectional differences, so that their impact cannot be estimated in the cross-section, FY (with
g € F¥*0)  (iii) Hidden factors that are recovered from the factor analysis. The last two types
can only be used as pure controls in the above regressions, but not as instruments.

In conclusion, with a factor model (with known factor loadings A, but unknown factor covariance
matrix V), we have identified V*, and gotten a GIV, which gave M, oM.

Even though all worked with finite N (but as always, T — o0), and we don’t consistently

estimate n;, we still have a consistent estimator for the GIV.

8.2 When the influence matrix is not proportional to size
8.2.1 Position of the problem

Suppose a model
Yit =7 Z Gijyje + Nine + Wi, (122)
J
ie.
yr = YGyr + Any + g, (123)

with a given “influence” matrix G. For instance, if we have an “industrial similarity” matrix H;;,

we might set

H;;S;
Gij = =27
! Zk H;y, Sy
In our basic “reflection problem”, G = 15".
We’d like to identify ~.
With V = E[uu}], we define E = Y-, and
S:=G'E, (124)

which is the analogue of “size” in our simpler setup where G = 15".
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8.2.2 A simple approach, when the loading on common shocks if uniform

In this subsection we assume that
GL=1,

which is satisfied in many examples. Consider some vector £, and define:

2 =& (G—1)y.

Then, we have the key relation:

E (2 (yz-vyse)] = 0,

E[ztyét}

which allows to identify v by v = Govs]

(125)

(126)

(127)

Relation (127) works for any z; of the type (126). We can show that the optimum choice (in the

sense of minimizing the asymptotic error) is & = EPY| Then, the GIV is again:

2t = Yst — Ypy-

Derivation of (127) Indeed,

Y — Vst = E'(I = 7G)ye = B (we + mut) -
Given Gt =1, and (G — I) and (I —vG)~" commute, we have the useful relation:

(G-—D(I-~G)"v=0.

As a result,

2=EG-DNy=EG-0)IT-7G) " (us+n0)=E(G-1)(I-~G) " u

Hence,

E [z (93, — 1s0] = E [€/(G = 1) (I = 7G) " w (w + ) B

EG—D)I -G "VE=E(G—I)I—~G)" vafu

because of (129). O

5Indeed, one can show that this is the MLE estimator [10/27/18 notes].
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8.2.3 When the loading on common shocks is not necessarily uniform

We now study the more general case where:
Yo = Gy + A + wy, (130)

where the factor loading A (an N x r matrix) is not necessarily equal to ¢ (but we keep imposing
that the A spans ¢, i.e. there is a ¢ such that « = Ag). As before, 7, is a low-dimensional vector of
factors. However, we do not assume anymore that Gt = «.

First, we suppose that we have a first estimate of v, which we call if v¢. We will later iterate on

it. Then, we form:
U (V) =T =G - (131)

If ¢ = ~, then
g (7) = Ay + we (132)

Hence, we run a factor analysis on g (7¢), which recovers A and W = (V*)~'. We introduce Q
as in so that QA = 0 and set

U = Qgt (76) )
so that at v¢ = v,
i = Quy. (133)
Then, we define (with E = L), with S = G'E
a o= SQU-7G) i (134)
= SQ(U-7G)"'QU -Gy (135)

Our key moment is as before, equation ([127) :

E [z (yEt"YySt)] =0. (137)

52A variant is:
2=5(1-7G) =5 (1-7G) " QU -Gy

The advantage of formulation is that in the simple case of the previous subsection (with A = ¢), then it recovers
the estimator of that subsection.

53The proof shows that this choice works. This particular choice is heuristically motivated by the analogy with
and ), and the fact that when n, =0, y: = (I — 76’)_1 uy, so that ygy = S’y = S" (1 — VEG)_1 u;. Hence
in some loose sense z; is a good idiosyncratic-based approximation of yg;.

54Here is the proof. At the right estimator v = ¢,

2 =9Q(1—~GQ) " Qus = ¢ Quy, (136)
with ¢ == §'Q (1 —*G)~". We also have

Yie — st = E' (I —7G)ys = E' (A + uy) .

26



This yields an estimate of 7. Hence, we simply replace the definition of the GIV by .
In fact, we can show that when A = ¢, the estimator is equal to the estimator . In that
sense it is its natural generalizationﬁ

We note that we have a fixed point: an initial v¢ gives an estimate of ~; that’s then the new
estimate v¢, and we re-iterate the process, until convergence.

Suppose that instead we use@
Z; =8 (1—~°G)""ag. (138)
Suppose that ¢ = 7. Then we can Writeﬂ

Ys = Zy +e,  EleiZi] =0, (139)

This implies that

1
JW

El(yg —vyst) 2] = E[E'wuQ'c] =E'VQc= /Q'c=0,

as Qv =0.
55Tn the case A = ¢, then Q = I — vF’, so

EGQ=FEG(I—E)=EG-E =FE(G-1),
so that the estimator in [[35] can be written:
Zt — E/ (G - I) Yt = E/GQyt

On the other hand,

A = GQU-7G)'QU-1GC)=GQ(1—7G) (I —1E") (I -~°G)
= GRU—7YG) " (I-71G)—GQ(1—1°G) "B (I -4°G)
= GQ—-0asGr—rand Qu=0
= GO,

so that the estimator in (135]) can be written:
2=FGQ(1—+G) ' QU —~+G)y; = E'Ay, = E'GQys = E' (G — ) ys.

Hence, when A = ¢, the estimators in (126)) and (135)) are identical.
56Note that the ¢ in the definition of Z; need note be the same v¢ used above to construct the u§; i.e., we could

have Z; = 5’ (1 — 76>2G)71 u¢ for some other 42, There is still a fixed point though, and in the limit the estimated

7 in ([140)) should also be equal to the v¢ and v%2.
5THere is the proof. We saw that @ = Quy, so,

Zy =8 (I —~v°G)"" Quy,
while, a’ == S5’ (I — WeG)_l7
yse =S (I —7°G) " (Qus + (I — Q)ug + Any) = Zy + ' (I — Q) uy + a’ A,

From , we have E [a' (I — Q) usz:] = 0. Hence we have E [¢;Z;] = 0.
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for e, = S' (I —~v°G) " (I — Q) uy + Any). Also, we have:

Ype = YYse + E'Any + upy.

Hence, we can estimate v by OLS:

Yer = V2 + B + €. (140)

This consistently estimates ~.
Calling z; the GIV in the basic models (with G =/'S), Z; = 2

1—ne”

8.3 Link between our initial examples and the general framework
Let us make the link with our initial examples and the general setup of Section
The basic example of Section was:

Yit = M + Uy, Pt = QYst + €t

The factors are p; and 7;:
Fl=p, o'=a IN=0 n =c¢,

Ff =n, o*=0, N=1, ntQ = 1.
Factor F}! is endogenous, factor F? is exogenous. They are both observable (via yg; = n;+O (ﬁ) ).
So, C; = n;. The multiplier is M = 1.
Let us next make the link with supply-and-demand example of Section which was:

Ys €
Yit = ADe + N + Ui, ptz—t——t~

TR

The factors are also p; and 7;:
P;tl = Dt al = Al = Aa ,r]tl =
1

Ft2:77t7 04220, )‘2:17 77t2:7]t

Here F}' is exogenous and hidden, while F? is endogenous and observable. So, C; is empty. The

. . . _ 1 _ . .
multiplier is M = — 57 = 7£5, as was estimated in (47).

58This is why we could do only plain OLS regression in , without any controls like yg;, unlike in the very
simple initial example of Section
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8.4 Derivations of the passage from regional to macro impacts

Here we give the microfoundations for the results in Section [5|

The aggregate economy Let us start with the aggregate economy, to get a feel for the basic
ingredients. They are drawn from |Gabaix (2018), (in particular, the simplified model of Section 9),
where the detailed microfoundations are laid out.

The consumer has utility » ,°, 5" In¢,. For simplicity, we normalize all initial quantities and
prices to be 1, and denote by hats the fractional deviations from the steady state. The gross interest
rate is R = +.

B
With p the marginal propensity to consume out of current income, we have:

ét = Nﬁt + W,

where w; captures a perceived present value of future income.

To familiarize ourselves with this environment, suppose that the government consumes Gy,
financed by taxes at time 1, of which only a fraction m¢ is anticipated. We have wy = —umgGo,
so that:

éo = U (:ljo — mgGo) . (141)

As in general equilibrium gy = ¢y + Gy, we have:
o — Go = pu (o — maGo) (142)

which yields a “Keynesian cross”
(1 —pmg) Gy
Yo=——7F—
I —p

We take the benchmark where consumers do not anticipate future taxes — they are non-Ricardian,
1

-

This machinery in place, we move to the more complex case with several regions.

(143)

mg = 0. Then, the impact of government spending is

The economy with N regions There are N regions. The representative consumer in region ¢

has utility

u(ey” cy) =alne)” + (1 —a)lnd,.

Then, the Cobb-Douglas form with constant prices implies:

AN _ ANT _ 4
Cit = Cy = Cit.
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Eq. (141) can be summarized as: ¢; = ugi + vy, where vy is a disturbance, e.g. about expectation

about future income, including housing wealth. We allow for the possibility of a richer setup with:
Cit = Wi + KYst + Vit (144)

where the term kyg; could be some other “expectational shock”, e.g. via perhaps a learning channel,
or some other sort of general equilibrium channel. It is not necessary to add it, but the fact that

our propositions work even with that setup shows that they are robust to many variants.

Proof of Proposition[6] There is no government spending, so non-tradable GDP is made entirely

of consumption. So, total income is:
Uit = acy + (1 — a) Cgy, (145)

because region i sells a fraction « of its output locally, and 1 — o in the whole country. Using ((144))
gives:
:git = bglt + (B — b) fgSt + Ut + (1 — O{) Vst (146)
with
b=au, B=p+axk, (147)

Aggregating this across all regions, ys; = Bys: + vgy, SO

. 1
Yst = 1_ BUSt-
Hence, ([146]) gives, for some k:
N av; N N
Yit = 1 _tb + kfse = ui + ks,
where
a
Uit = it (148)

is the local shock “after a first round of local multiplier ﬁ”; it is what we observe in practice. We

relate it here to the more primitive (and not directly observed) v;;. Hence we have:

. 1 1 1-9b
Ysg = SU& = ﬁ ugy = Mug,
with
1-01
M=——— 149
B (149)
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QSt = MuSt- (150)

dyst
duSt :

Now, imagine that there are (say, exogenous at this stage) housing shocks h;, that imply a local

Next, an econometrician in this economy, doing a GIV, will estimate this M =

shock to total local employment
Ji = V" hir, (151)
as measured by Mian and Sufi| (2014). This is equivalent to parametrizing
Uit = ?/Jehz'z&
Hence, the impact on the aggregate is
Use = Mugy = nghSt = Yhst,

with 1 = M1)*. This proves the proposition.

Proof of Proposition The steps are very similar to the previous proof, though complicated
by government spending. We say that if the government spends Gy in region i, a fraction o is

spent on tradables, and 1 — a“ on nontradables. Hence, (145]) becomes:
git = aéit + (1 — O{) éSt + OéGGZ‘t + (]_ — O{G) Gsta (152)

as income comes from local and global consumption by individuals and the government. Using
(144) and for simplicity setting expectational shocks to v; = 0, we have: ¢; = ugi + Kkyst + Vi,
¢st = (1 + K) Yse hence, using the same values b, B as in ({147)

Jit = bl + (B — b) §sr + oGy + (1 — %) Gy (153)
Aggregating, we get:
Yst = Byst + G, (154)
i.e. 1
Yst = 1-B BGSt; (155)
so that the global impact is
Yt 1
’QD — = —
oGy 1—-B
So, ([153) indicates that the local impact is
OéGG‘t
AZ' - : kG
Y =779 +rGs
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for some k. Hence, the local impact is

1/14 _ it _ af
0Gy  1-0b
Hence, inspecting ((149), we obtain:
«
v =My, (156)

as announced.
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